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Abstract 
The performance of the Total Sky Imager (TSI) and University of California, San Diego Sky Imager (USI) instruments has been 
evaluated using correlation and dispersion metrics applied to clear sky index. The TSI was located at a 48MW PV plant in 
Nevada, USA, and the USI was located at the UCSD campus in San Diego, USA. Distributed pyranometer measurements over 
several square kilometers were available at both locations to provide spatial averages of irradiance. Clear sky index was forecast 
for a 15 minute horizon at 30 sec. intervals, and the correlation and Euclidean dispersion were evaluated. A persistence forecast 
was generated for each location to provide a reference for comparison. For the aggregate dataset, the forecast performance of the 
USI exceeded that of persistence beyond the 10 minute forecast horizon, whereas the TSI did not show skill over persistence. For 
the period of study, the USI gave correlations of clear sky index between 0.70 and 0.82, whereas the TSI provided correlations 
between 0.55 and 0.69. Overall, the mean value and the trend of the correlation results were more consistent for the USI than the 
TSI on the days evaluated. It is concluded that the USI is a more reliable solar resource assessment instrument for the wide range 
of atmospheric conditions evaluated. 
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1. Introduction 
As nations around the world push for cleaner sources of energy, the need for technologies that facilitate the 
integration of renewable energy into the electricity grid is growing. Forecasting is a grid integration tool that can 
help the scheduling of power generation and dispatch. Rules and regulations for the energy industry differ by region, 
but all electric grids have multiple relevant time scales at which planners, operators, power generators, and utilities 
need advanced information about how much power will be produced. Solar power is one of the most scalable 
choices for renewable energy generation, and so forecasting of this resource is vital to reliably integrate it into the 
electricity grid. 
Short term power output forecasting, on the scale of 1 to 30 minutes, can help to enable the economic dispatch of 
solar power. Sky imaging systems have a history of providing atmospheric observation and monitoring, and have the 
potential to be effective monitoring systems for solar plant operations by providing both situational awareness and 
estimates of power output over a large spatial extent. Because of their ability to continuously monitor cloud 
conditions, the University of California, San Diego (UCSD) has developed a short term power output forecasting 
capability based on visible wavelength sky imagery [1]. A related forecasting procedure was developed in [5]. Initial 
results on power output forecasting for 48MW of photovoltaic generation using the UCSD method were reported in 
[8]. Experience with their use at large solar power plants, however, has highlighted shortcomings in common 
imaging hardware [7]. The Total Sky Imager (TSI) is the most common device used for sky imaging applications, 
but no significant improvements have been made in the last 15 years. One of the key conclusions in [7,8] is that the 
Total Sky Imager (TSI) instrument had shortcomings for the purposes of solar forecasting. The University of 
California San Diego (UCSD), leveraging expertise in sky imaging technology [6], has designed a system 
specifically for solar resource assessment work [8]. This system, called the USI, exceeds the TSI in both spatial and 
intensity resolution (i.e. number of pixels and bit depth, respectively). Here, a comparison of the two instruments is 
made to quantify the forecasting performance in both a relative and absolute sense. 
2. Experimental methods 
2.1. TSI site: Copper Mountain Solar 48 MW 
To assess forecast performance, 1 sec real AC power data from a 48MW section of Sempra Generation's Copper 
Mountain Solar 1 was used (Fig. 1a). This 1.3 km2 plant section had 96 inverters receiving power from cadmium 
telluride thin film panels tilted at 25° with a due south azimuth. This section of the plant contained fifteen calibrated 
reference cells providing plane-of-array global irradiance (ܩܫ) at 1 sec and five weather stations providing standard 
meteorological measurements including plane-of-array ܩܫ  and Global Horizontal Irradiance (ܩܪܫ) from Kipp & 





Fig. 1  (a) Footprint of the 48MW section of the Sempra Generation Copper Mountain Solar power plant. TSI locations are indicated with circle 
icons. The spatial resolution of the power data is indicated by the gray level shading. (b) University of California, San Diego campus with USI 
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and 35.7791° N, 114.9825° W, 580 m MSL, which are at the northwest and southeast corners, respectively. The 
imagery for the northwest unit was used to generate forecasts. The forecast intervals selected match the 30 sec image 
capture frequency; forecasts were issued every 30 seconds out to 15 minutes. Forecasts were generated for 
November 1st to the 21st, 2011, and July 12th to the 17th, 2012 (27 days total). Measured power output data is 
compared to the forecast by applying a 30 sec moving averaging to plant measurements. 
2.2. USI site: UCSD solar energy testbed 
The forecast domain for UCSD was defined as a 2.6 × 3.6 km grid at a resolution of 2.5 m per grid point. Each 
grid point was mapped to a latitude and longitude, as well as an altitude obtained from the SRTM1 dataset [2]. Six 
Li-COR 200SZ pyranometers, sampling at 1 sec, are located within this forecast domain (Fig. 1b), with positions 
given in Table 1. The USI was located on a rooftop at 32.8722°N, 117.2410° W, 145 m MSL. The USI captures high 
dynamic range images [8] every 30 seconds during times when the sun is above an elevation of -3°. Forecasts were 
generated from November 1st to the 29th, 2012, excluding November 12th (28 days total). A single domain average 
irradiance measurement is obtained by averaging irradiance measurements from the six stations. Measured 
irradiance data is compared to the forecast by applying a 30 sec moving averaging to the domain-averaged time 
series. 
Table 1. Locations of the pyranometers in the UCSD network and their distance to the USI. 
Station Identifier Longitude [deg] Latitude [deg] Altitude [m] Distance to USI [m] 
BMSB -117.2362  32.8758  111  603  
CMRR  -117.2353  32.8806  111  1074  
EBU2  -117.2330  32.8813  101  1257  
HUBB  -117.2534  32.8672  24  1288  
MOCC  -117.2225  32.8784  103  1857  
POSL  -117.2350  32.8807  110  1103  
2.3. Forecast methodology 
For brevity, this work focuses on the comparison of TSI and USI forecast performance. Only an overview of the 
forecast procedure is provided here. The interested reader is referred to [1,7-9] which contain details of forecast 
algorithm. The basic principle of the forecast is to locate clouds in the sky using a geometrically calibrated camera 
system, to track the motions over a few images, and then to advect the clouds forward in time. Ray tracing is 
performed over the forecast domain to estimate the positions of the shadows for every advection. A shadow fraction 
for relevant forecast domain gridpoints (i.e. those with solar collectors) is then computed. Power and/or irradiance is 
then parameterized using the shadow fraction. The compliment to the shadow fraction is the clear fraction, which is 
simply one minus shadow fraction. 
The parameterization of power or irradiance requires simultaneous measurements from the PV array or an 
irradiance sensor, where the former will provide a power output forecast and the latter will provide an irradiance 
forecast. The power ܲ or irradiance ܫ parameterization is based on the construction of a histogram of clear sky 




ǡ or ݇௧ǡூ ൌ
ܫ
ܫ௖௦௞ǡ (1a), (1b) 
where the subscript ܿݏ݇ indicates a clear sky modeled value appropriate for the time, location, and orientation of the 
solar collectors or irradiance sensor. The following text will omit the ܫ or ܲ from ݇௧, and refer to it as the clear sky 
index. In this work, the clear sky index for the TSI is computed using (1a) and computed for the USI using (1b). It 
should be noted that in this work, only global irradiance is considered. The method of using the clear sky index 
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histogram to physically constrain power output between lower and upper bounds can instead use direct normal 
irradiance (DNI) as input. The fractional cloud cover method developed in [7-9], which is similar to that applied in 
[5] for DNI forecasting, can then be used to determine the forecast DNI between these two bounds. 
There is an important difference between the deployment configurations of the TSI (section 2.1) and the USI 
(section 2.2): to generate forecast performance results, the USI uses only six 6.25 m2 forecast gridpoints, whereas the 
TSI uses over 190,000 forecast grid points (also 6.25 m2). Spatial errors in cloud and shadow positions are averaged 
over the entire plant for the TSI whereas for the USI, it is averaged over the six point measurements. To provide a 
reference for comparing instrument performance, a persistence forecast is used. 
2.4. Persistence forecast 
Any forecast technique must outperform persistence (i.e. using the current value as the future estimate) to be 
considered to have forecast skill. For comparison, a persistence forecast is generated for each forecast issue by 
averaging the previous 60 seconds of ground-measured clear sky index. 
2.5. Comparison metrics 
This section provides definitions of the statistical metrics used to compare the forecast performance of the TSI 
and USI. The utility of each metric for assessing forecast performance will be discussed. The three different metrics 
used for comparison are the Pearson correlation coefficient, the Spearman correlation coefficient and Euclidean 
dispersion. 
2.5.1. Pearson correlation coefficient 
 
Pearson Correlation Coefficient (PCC; ߩ௣) is a measure of the linear dependence between a set of two variables ܺ 
and ܻ, giving an value between −1 and +1. PCC is formulated for ݊ samples by using the variance and covariance of 
two vectors ܺ and ܻ as 
ߩ௣ ൌ
σ ሺ ௜ܺ െ തܺሻሺ ௜ܻ െ തܻሻ௡௜ୀଵ
ටσ ሺ ௜ܺ െ തܺሻଶ௡௜ୀଵ ටσ ሺ ௜ܻ െ തܻሻଶ௡௜ୀଵ
ǡ (2) 
where the overbar indicates the mean of the set. PCC is a normalized assessment of the covariance of the forecast 
and measured ݇௧, and indicates how well the two signals match, irrespective of magnitude. 
2.5.2. Spearman correlation coefficient 
 
Spearman correlation coefficient (SCC; ߩ௦) assesses the monotonicity of the relationship between two variables. 
When each variable is a perfect monotone function of the other, SCC has a value of +1 or −1. SCC, when applied to 
a set of two vectors is defined as the PCC between the ranked vectors. For ݊ samples, the vectors ܺ and ܻ are 
converted to ranked vectors ݔ and ݕ, respectively, and ߩ௦ is computed 
ߩ௦ ൌ
σ ሺݔ௜ െ ݔҧሻሺݕ௜ െ ݕതሻ௡௜ୀଵ
ඥσ ሺݔ௜ െ ݔҧሻଶ௡௜ୀଵ ඥσ ሺݕ௜ െ ݕതሻଶ௡௜ୀଵ
ǡ (3) 
where the overbar indicates the mean of the set, which here is a set of ranks. In this work, fractional ranking is used 
because repeated values for ݇ݐ or shadow fraction are common. SCC evaluates the overall trend of the forecast ݇௧ 
signal compared to the measured ݇௧. The SCC value is not affected by the linearity of the relationship between ܺ 
and ܻ like the PCC value. 
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2.5.3. Euclidean dispersion 
 
The equation of a line in two dimensions is ܽܺ ൅ ܾܻ ൅ ܿ ൌ Ͳ, where the line is defined by the vector र ൌ
ሺܽǡ ܾǡ ܿሻ. The Euclidean distance vector ܦ௜  assesses how far each ordered pair is located from the line defined by र: 
ܦ௜ ൌ
ȁܽ ௜ܺ ൅ ܾ ௜ܻ ൅ ܿȁ
ξܽଶ ൅ ܾଶ Ǥ (4) 
The Euclidean distance vector can be condensed to a scalar metric, which we call Euclidean dispersion, by looking 
at the mean absolute distance (MAD) or root mean square distance (RMSD). For evaluating the measured versus 
forecast clear sky index, a one-to-one line is used for र because the relation between both clear sky index sets should 
have unity scaling and zero bias. For comparing forecast clear fraction (section 2.3) and measured clear sky index, a 
reference line defined by the points ൫Ͳǡ ହܲሺ݇௧ሻ൯ and ൫ͳǡ ଽܲହሺ݇௧ሻ൯ is used, where ହܲሺ݇௧ሻ and ଽܲହሺ݇௧ሻ represent the 5th 
and 95th percentile of the measured clear sky index set. These points were selected because the working hypothesis 
of the sky imager forecast is that clear sky index is linearly proportional to clear fraction through the range measured 
clear sky values for a given day. Euclidean dispersion assesses the validity of this hypothesis. 
3. Results 
Forecast performance for each instrument was characterized for one month of data. The aggregate dataset is 
useful in assessing the overall forecast skill of the forecast method applied to both instruments, but a deeper 
understanding of performance is obtained only when analyzing individual days. This section is divided into two 
sections: one which presents results for a single day, and one which presents results for the aggregate dataset. 
3.1. Forecast performance on a single day 
To evaluate single day forecast performance, July 12, 2012 was selected for the TSI, and November 8, 2012 was 
selected for the USI. These days were chosen because they had high variability, which is the most interesting 
condition in which to evaluate forecast skill.  
Scatter plots of measured versus forecast clear sky index for the 0-min (nowcast) and 10-min horizon for both 
instruments are shown in Fig. 2. The scatter for both instruments at each time scale which indicates that there is 
significant error in the forecast. In Fig. 2c, the TSI nowcast is particularly poor. This is due to the shadowband on the 
TSI mirror that blocks the view of the sky dome near the sun. Because the TSI is collocated with the solar collectors, 
this region of sky is where clouds causing current shading exist (e.g. a cloud between an observer and the sun casts a 
shadow on the observer). Even for a plant of 1.3 km2 in area, the shadowband can eliminate all (or nearly all) sky 
image data needed for a 0 to 5 minute forecast. The size of the plant area impacted by the shadowband scales 
linearly with cloud height (in the positive sense). The average cloud height on July 12, 2012 was 4.6 km. When the 
projection of the shadowband (in the cloud map [1,8]) advects away from the plant, valid image data can be used to 
generate a forecast, such as that in Fig. 2d which shows a much better result than Fig. 2c. The USI, with no occultor 
blocking the sun, does not have this problem as is evidenced in Fig. 2a and 2b. 
Scatter plots of measured clear sky index versus clear fraction are shown in Fig. 3. From a single day of 
measurements, it is not apparent that this relation is exhibited by either instrument. The results for the TSI (Fig. 3c) 
are counter intuitive in that it appears that the more shading the plant receives, the higher the irradiance. This is not a 
real result, but rather an artifact of the image quality, the shadowband, and the processing algorithms applied. It 
should be noted that the vertical lines in Fig. 3a and 3b (USI) are due to the six stations used for generating a clear 
fraction which nominally has seven possible clear fraction values unless data is missing or the clouds advect too far 
from a measurement station to determine if it is shaded. For the TSI (Fig. 3c and 3d), the grid points are 6.25 m2 
squares covering a 1.3km2 plant, giving many possible values for clear fraction. 
 












Fig. 3  Scatter plots of measured clear sky index vs. clear fraction for nowcast (a, c) and 10-min forecast (b, d) for the USI on November 8, 2012  










Fig. 2  Scatter plots of measured vs. forecast clear sky index for nowcast (a, c) and 10-min horizon (b, d) for the USI on November 8, 2012 (a, b) 
and the TSI on July 12, 2012 (c, d). 
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The correlation (PCC and SCC) between the forecast and measured clear sky index is shown in Fig. 4a for the 
USI and Fig. 4c for the TSI. The correlation of the persistence forecast with the measurements is also given for 
comparison. Persistence is better correlated with the measurements than the USI forecast until about 5 minutes. After 
this time, the USI and persistence are comparable until about 10 minutes where the USI begins outperforming 
persistence. The TSI forecast performance is poor (even anti-correlated) until the projection of the shadowband 
advects away from the plant, after which the forecast performance improves, but is still not as high as persistence. 
Both sky imager forecasts and persistence show the expected decrease in accuracy with forecast horizon. The 
correlation (PCC and SCC) of clear fraction and measured clear sky index is shown in Fig. 4b for the USI and Fig. 
4d for the TSI. For the USI, clear fraction is positively correlated with clear sky index, but it shows a marked 
reduction in correlation with forecast horizon. In Fig. 4d the effect of the shadowband can again be seen until 
approximately the 6 minute forecast horizon. 
The persistence forecast for UCSD and for Copper Mountain (the USI and TSI, respectively) decay at much 
different rates, with UCSD experiencing much poorer performance when using persistence than for Copper 
Mountain. The conditions at Copper Mountain are no less variable than for UCSD on the day selected, but quite 
apparently, the measurements made within the last 15 minutes have a higher correlation with current measurements 
at Copper Mountain. There is a spatial smoothing factor at Copper Mountain that does not exist at UCSD; as the area 
increases, the timescale of correlation also increases [3,4] (i.e. the time it takes for correlation to decay to a given 
value increases). This results in longer time scales having higher correlations, the converse of which is that point 
sensors such as those at UCSD have the same level of correlation on shorter timescales. This is clearly exhibited by 
the persistence forecasts in Fig. 4 and 8. 
The Euclidean dispersion for the USI (Fig. 5a) is consistent throughout the 15 minute forecast horizon, whereas 
for persistence it increases sharply, and after 7-min is higher than for the USI. The dispersion for the TSI (Fig. 5c) is 
actually lower than for the USI, which occurs because of the smaller range of clear sky index for the TSI on the day 
selected (0.2 to 1.6 for the USI vs. 0.1 to 1.1 for the TSI). The Euclidean dispersion between clear fraction and 
measured clear sky index for the USI (Fig. 5b) is lower than that of the TSI (Fig. 5d), even with the range disparity 










Fig. 4  Pearson (PCC) and Spearman (SCC) correlation coefficients for forecasts with the USI on November 8, 2012 (a, b) and TSI on July 12, 
2012 (c, d). Forecast vs. measured clear sky index is shown in (a, c), and clear fraction vs. measured clear sky index in (b, d). Performance of the 
persistence forecast is shown in (a, c) as a dashed line (subscript p in legend). 










Fig. 5  Euclidean dispersion of measured vs. forecast clear sky index (a, c) and clear fraction vs. measured clear sky index (b, d) for the USI on 
November 8, 2012 (a, b) and the TSI on July 12, 2012 (c, d). Performance of the persistence forecast is shown in (a, c) as a dashed line (subscript 
p in legend). 
3.2. Forecast performance for one month 
Reviewing forecast results for a single day highlights performance in particular conditions, but to view the overall 
performance assessment, a longer dataset is required. Scatter plots of measured versus forecast clear sky index 
during the one month study period is shown in Fig. 6. For both the nowcast (left column) and the 10-min forecast 
horizon (right column), the USI (top row) shows less (but still considerable) scatter than the TSI (bottom row). For 
the USI, there appear to be less frequent occurrences of inverted forecasts (points in the top left or bottom right). 
Scatter plots of measured clear sky index versus clear fraction for the one month study period are shown in Fig. 7. 
There is again no clear relation between the clear fraction and the clear sky index for either the USI (top row) or the 
TSI (bottom row). It is also not apparent from the scatter plots that the nowcast clear fraction (left column) produces 
better results than the 10-min forecast clear fraction (right column). The TSI has the inherent advantage of the large 
spatial average over the power plant, but still does not show significant improvement. The higher density of points 
above the reference line in the bottom row of Fig. 7 indicates that the TSI biases forecasts to contain cloud when the 
clear sky index indicates power output is near 100% of clear sky levels. 
The correlation results for the one month data set are shown in Fig. 8. Reviewing the measured versus forecast 
clear sky index, the average PCC was 0.78 and the SCC was 0.72 for the USI, whereas for the TSI, the respective 
values were 0.58 and 0.67. The SCC for the USI and TSI are similar, which indicates both systems are capturing the 
trends of the irradiance or power fluctuations. The significantly higher PCC value for the USI indicates that the 
relation between forecast and measured clear sky index is much more linear than for the TSI, which is positive result 
for the USI because the relationship should be one-to-one. The effects of the shadowband on the TSI can clearly be 
seen in Fig. 8d, where correlation increases nearly monotonically with time. The TSI actually exceeds performance 
of the USI with the SCC value for clear fraction versus measured clear sky index at the longest forecast horizons. 
 











Fig. 6  Scatter plots of measured vs. forecast clear sky index during the one month study period for nowcast (a, c) and 10-min horizon (b, d) for 










Fig. 7  Scatter plots of measured clear sky index vs. clear fraction during the one month study period for nowcast (a, c) and 10-min forecast (b, d) 
for the USI (a, b) and TSI (c, d). 










Fig. 8  Pearson (PCC) and Spearman (SCC) correlation coefficients during the one month study period for the USI (a, b) and TSI (c, d) forecasts. 
Forecast vs. measured clear sky index is shown in (a, c), and clear fraction vs. measured clear sky index in (b, d). Performance of the persistence 
forecast is shown in (a, c) as a dashed line (subscript p in legend). 
 
Comparing the performance of both the USI and TSI to persistence at their respective locations shows that the 
USI performed significantly better for the period of study. As noted in section 3.1, forecasting at a large plant like 
Copper Mountain should produce higher correlations for the 15 minute forecast window because of the increased 
correlation time scale, yet the TSI shows correlation results that are consistently below persistence by 0.15 to 0.30, 
even for longer forecast horizons. The USI, however, outperforms persistence at longer time scales. The number of 
clear days at Copper Mountain may be a suspect cause for higher correlations of persistence, but both the UCSD and 
Copper Mountain data sets contained 8 clear days. 
4. Conclusions 
The overall forecast results for both instruments indicates that there is much error in the deterministic forecasting 
process. The working hypothesis that clear fraction is proportional to clear sky index was not conclusively validated 
in this work. The correlation was positive between these two parameters, but the low correlation values and scatter 
in the data suggests this hypothesis is only partially valid. The clear fraction estimated for the solar collectors or 
irradiance sensors is dependent primarily upon cloud detection, cloud speed and advection assumptions, and the 
geometric calibration of the instrument. If cloud is not correctly detected, and if the positional information of each 
pixel is not accurate, then the ray traced clear fraction will be incorrect. Similarly, if the cloud advection is 
erroneous, due to either an error in cloud speed or in the assumption that clouds can be advected forward in time 
without accounting for condensation/evaporation, errors in clear fraction will result. These results also indicate that 
more investigation into the cloud coverage (i.e. clear fraction) to power output parameterization is required. 
Comparing the USI performance to that of the TSI indicates that the USI outperforms the TSI overall, 
particularly for the first 10 minutes of the forecast window. This is an expected result because the USI does not have 
missing data due to the shadowband, it does not lose information to image compression, and has both a higher 
spatial and intensity resolution (i.e. it has more horizontal and vertical pixels, and provides 48-bit images as opposed 
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to 24-bit images). In the experimental configuration used here, the TSI had the advantage of a significantly larger 
spatial average (35,500:1; TSI:USI) because it was placed at a power plant. It is reasonable to expect some of the 
spatial errors in clear fraction to average out in this scenario, however this result was not realized and the USI still 
showed better performance. 
Moving forward with this forecast work, emphasis will be placed on improving results with the USI. It has been 
shown here to be a superior instrument for short term forecasting, and will provide higher quality image data for this 
computer vision-based forecasting work. 
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